This paper uncovers and explains the emergence of cycles of intraday declines and overnight reversals in the U.S. stock market in the 21st century. Using quote midpoints for the past 24 years of common stocks traded in the three main exchanges, I show that the cross-sectional association between average intraday and overnight returns has steadily shifted from a direct association into a strong inverse association over the years. JEL Classification: G10, G12, G15, G20
Introduction
This paper documents the emergence of an inverse association between average intraday and overnight returns in the cross section of stocks over the past two decades, and explains it by finding directional declines and reversals cycles between intraday and overnight returns, that are driven by overnight wealth shocks. Overnight stock market declines are followed by intraday declines and next day overnight reversals. Declines and reversals are stronger for more volatile stocks.
The reversals that I document in this paper resemble Nagel's (2012) illiquidity-driven reversals, but depart from Nagel (2012) along three important aspects. First, the scope of this study is between intraday and overnight returns rather than daily and weekly returns. Second, I document reversals in annually rebalanced volatility quintiles portfolios, whereas Nagel (2012) constructs portfolios from stocks that have already declined. Third, and finally, I not only predict overnight reversals, but also predict intraday declines prior to overnight reversals, because the entire decline and reversal cycle is preceded by overnight market declines.
Because intraday declines are (1) followed by reversals, and (2) are preceded by overnight market declines, they express an important link between market and funding liquidity (Brunnermeier and Pedersen, 2009) , where wealth shocks can lead to deteriorating market liquidity in the next period. I corroborate the significance of this link by extending Hameed, Kang and Viswanathan (2010) , and empirically document that overnight market declines predict deteriorating market liquidity in the next trading session.
By looking at intraday and overnight periods, I separate trading and nontrading periods, and provide better identification for the interaction of market and funding liquidity (Brunnermeier and Pedersen, 2009; Hameed, Kang and Viswanathan, 2010) , where two channels of wealth shocks and margin adjustments can lead to liquidity spirals. I show that overnight market declines, not intraday market declines, mainly drive the cycles of declines and reversals. This provides further emphasis on the importance of wealth shocks in market liquidity deterioration.
My findings are also consistent with Adrian and Shin's (2010) argument on the adjustment of leverage to wealth, with the key distinction that wealth shocks at overly short periods, which are overnight, can lead to such adjustments. I argue that it is the increasing dominance of overly shortterm debt that makes rolling over debt a day-to-day task.
I discuss five main findings in this paper. First, I document the emergence of an inverse association between average intraday and overnight returns. I show that the cross-sectional association between average intraday and overnight returns, calculated every calendar year, starts from values around 0.2 in 1993 and steadily decreases throughout the years to levels as low as 0.9 in 2016. This finding is not driven by outliers, because I obtain similar results using Spearman's rank correlations, or bid-ask bounces (Roll 1984) , because I use quote midpoints to calculate returns, following Nagel (2012) , among others. To further elaborate this finding, I take several steps, including running cross-sectional regressions between average intraday and overnight returns for every year and showing that the sign of coefficient shift from positive to negative and remains negative until the end of the sample. Furthermore, to show the economic significance of the inverse association, I split the sample period into two subsamples -1993-2000 and 2001-2016-and sort stocks into quintile portfolios by their average realized intraday returns for every subsample. By doing so, I provide clear demonstration that for the second part of the sample, stocks that have lower average intraday returns have higher overnight returns. Average intraday returns for the low-intraday returns quintile portfolio is 18 basis points (bps) per day, which is met with average overnight returns of +16 bps. Consistent with the fact that the declines-and-reversals have recently emerged, no inverse association is discernible for the first part of the sample. Second, I document that the inverse association between intraday and overnight returns mainly follows overnight market declines. I sort stocks into five quintile portfolios based on their previous calendar-year volatility and calculate the average intraday and overnight returns of the portfolios following overnight market surges and declines. In the more recent part of the sample, that is 2001-2016 period, overnight market declines are followed by intraday declines, and then overnight reversals. Intraday declines and following overnight reversals are stronger for more volatile stocks.
Moreover, that I do not find the same results for the earlier part of the sample is in line with the recent emergence of decline and reversal cycles. I empirically test these observations, by employing a regression framework in which intraday and overnight returns of quintile portfolios are predicted by their past intraday and overnight returns and the market return and include dummy variables for negative past market and portfolio returns. By doing so, I document an asymmetric effect for the past overnight market decline, which predicts further intraday decline and overnight reversal for the next periods. By using volatility quintile portfolios, I show that the decline-and-reversal cycles following overnight market declines are stronger for higher volatility quintile portfolios.
Third, I corroborate that declines are driven by deteriorating liquidity due to the wealth shock, by empirically showing that market illiquidity, measured by Trades and Quotes (TAQ) effective spreads, increases following overnight market declines. By documenting this effect between overnight and intraday periods, I extend the findings of Hameed, Kang and Viswanathan (2010) , provided in weekly horizons. I argue that market liquidity has started responding to funding liquidity constraints more rapidly, because of the increasing role of overly short-term debt in the financial market, which requires daily rollover.
Fourth, by analyzing the order flows following overnight declines, I show that investors on average are contrarian and provide liquidity after market declines, consistent with findings of Chordia, Roll, and Subrahmanyam (2001) for the daily horizon. The price declines on the same day that average investors are contrarian, is in line with Dow and Han (2018) , who argue that, although overall capital might not be scarce in the financial market, capital of informed traders can be scarce, and when informed traders face constrains, the rest of the market can provide liquidity to buy assets, but with a "lemon" discount (Akerlof, 1970) .
Fifth, and finally, I document the key cross-sectional role of idiosyncratic volatility in the observed systematic intraday declines and overnight reversals. To do so, I construct nine portfolios double sorted by market beta and idiosyncratic volatility and show that cross-sectional variations in the intraday and the overnight returns following overnight market declines are better explained by the idiosyncratic volatility than by the market beta. This important finding in the cross section of stocks corroborates Nagel's (2012) finding that reversal portfolios are more profitable following episodes of high idiosyncratic volatility in the market. This paper contributes to at least three streams of literature. First, it contributes to an emerging literature that aims to understand the link between intraday and overnight returns. Lou, Polk, and Skouras (2018) document that momentum strategy is mainly profitable in the overnight period, and Hendershott, Livdan, and Rösch (2018) document that market beta is mainly priced overnight. This paper puts forward deteriorating market liquidity following tighter funding liquidity constraints to explain the way intraday and overnight returns interact. Second, it contributes to the extensive body of literature on the interaction of market and funding liquidity. Brunnermeier and Pedersen (2009) put forward a model to show that funding constraints can lead to market illiquidity, and Hameed, Kang, and Viswanathan (2010) empirically show that stock market declines predict deteriorating market liquidity. Nagel (2012) proposes stock declines as a noisy proxy for tighter market liquidity and takes reversal portfolio returns following declines as liquidity provision profits. This paper studies declines and reversals between intraday and overnight returns and the way overnight wealth shocks contribute to declines and reversals, and to market liquidity. It also builds on the Adrian and Shin (2010) mark-to-market leverage, and on Dow and Han's (2018) argumentation about the adverse selection discount from uninformed traders' liquidity provision following informed traders' tightened liquidity constraints. Third, and finally, this paper contributes to the existing literature on idiosyncratic volatility by showing that it can explain the cross section of intraday and overnight returns following market declines. I show that the cross section of intraday returns decline with idiosyncratic volatility, whereas overnight returns increase. This can explain the mixed results for close-to-close returns. Goyal, and Santa-Clara (2003) The rest of the paper is organized as follows. Section I describes the data used in the analysis.
Section II documents the emergence of one-sided reversals between intraday and overnight returns.
Section III shows the way overnight wealth shocks lead to intraday declines and following overnight reversals. Section IV documents deteriorating market liquidity following overnight market declines, and Section V explores the order flow following overnight declines. Section VI demonstrates the role of idiosyncratic risk. Section VII discusses alternative explanations, and Section VIII concludes. defines the start of the sample as January 1993. I match TAQ trades and quotes, for both Monthly and Daily TAQ files, following the instructions provided by Holden and Jacobsen (2014 
I. Data

A. Intraday and overnight returns
The intraday and overnight returns are defined as the returns for holding the stock from open to close and from close to the next day open. In line with Nagel (2012) , and to avoid the effect of microstructure noise, specifically the bid-ask bounce (Roll, 1984) , I use quote midpoints prevailing the trades to calculate the returns. Equation (1) defines the quote midpoint as the average of the bid and ask prices prevailing the trades, and equations (2) and (3), respectively, show the way intraday and overnight returns are defined. Equation (4) shows the combination of intraday and overnight return yields for the close-to-close returns:
,
where and respectively, are quote midpoints prevailing the first and last trade during the trading session of day . and are the intraday and overnight returns, respectively, for day .
To avoid taking any unrepresentative large (small) asks ( 
B. Market liquidity
To measure market illiquidity during the trading session, I use the effective spread, which measures the distance between trade prices and the prevailing quote midpoints. Equation (5) shows the way the effective spread is calculated for individual trades. I then average the effective spreads for every day using the dollar volume of trades as the weights:
C. Order imbalances Following Hasbrouck (1991 , 1993 and Lee and Ready (1991) , I compare trade prices with the prevailing quote midpoints to discern the trade direction. I then calculate the order imbalance of every stock-day, which is the net order flow as a fraction of the trade volume. Equations (7) and (8) show the way order flows and order imbalances, respectively, are calculated: [ Table I about here]
II. Emergence of One-Sided Reversals
To provide the first evidence of the one-sided reversal in the stock market, I sort stocks into five quintile portfolios using their average realized intraday returns during the two subsamples of 1993-2000 and 2001-2016 . Figure 1 shows the average intraday and overnight returns for the specified portfolios. The second part of the sample, which is shown in Panel B, clearly demonstrates an inverse association between average intraday and overnight returns. The quintile portfolios with higher (lower) realized intraday returns have lower (higher) overnight returns. Furthermore, in the earlier sample period, shown in Panel A, no inverse association is discernible. In fact, in the earlier sample, a direct association, if any, seems to exist between intraday and overnight returns. I provide a more extensive set of evidences to better understand this observation in the rest of the section.
[ Figure 1 about here]
A. Cross-sectional correlations
To better understand how declines and reversals have evolved over the years, I calculate the cross-sectional association between average intraday and overnight returns taken every year. More specifically, for every year, I calculate average time series of intraday and overnight returns for every stock and then calculate the cross-sectional correlation between average intraday and overnight returns. Stocks with fewer than 100 days of observations are excluded. Figure 2 shows both the linear and the Spearman's rank cross-sectional correlations for every year in the sample. As the figure clearly shows, the cross-sectional association between intraday and overnight returns has steadily shifted from a weak direct association into a strong inverse association throughout the years. Because the Spearman's rank correlation shows a very similar pattern with the linear correlation, it is unlikely that the results are driven by outliers.
[ Figure 2 about here]
B. Cross-sectional regressions
To capture the economic magnitude of the association, I employ a cross-sectional regression framework of average overnight returns on average intraday returns, and vice versa. Equations (9) and (10) show the specific regressions framework:
where ̅ and ̅ are the time-series average of overnight and intraday returns of stock in year , respectively.
The specified framework is in the same spirit of the Heston, Korajczyk, and Sadka (2010) regression framework, but it serves a different purpose here. Specifically, the framework is different along two key aspects. First, it is a regression that involves overnight returns, whereas the Heston, Korajczyk, and Sadka (2010) regressions solely involve intraday returns. Second, the regression considers average returns during a year, whereas the Heston, Korajczyk, and Sadka (2010) regressions consider individual intraday returns. I study average returns, instead of individual returns, because average returns would show a movement that is, on average, directional. Figure 3 shows the estimated slope coefficients of the two regressions for every year. Consistent with the results shown in Figure 2 , the association shifts from positive to negative throughout the years. Besides that, the regression of overnight returns on the intraday returns provides sharper coefficients, hinting that overnight returns follow intraday patterns. I provide clear evidence on this in the following sections.
[ Figure 3 about here]
While the focus of the paper is on the time-series average of returns, individual returns tend to show a very similar pattern as well. Figure 4 shows the estimated slope coefficients for the crosssectional regression of overnight returns on the intraday returns, estimated for every single day in the sample. Consistent with the previous results, the figure suggests that a reversal between intraday and overnight returns has emerged during the years. The cross-sectional associations appear to be more often negative starting from 2001.
[ Figure 4 about here]
Following Fama and McBeth (1973) , I estimate the mean of the association using the time-series average of the estimates, and use the Newey and West (1987) standard errors with four lags to account for potential heteroskedasticity or autocorrelation. The results in Table II show the average of the inverse associations is negative, and significantly different from zero at 1% level for the 2001-2016 subsample. This is consistently the case for both the cross-sectional correlation coefficients, and for the coefficients of the cross-sectional regressions.
[ Table II about here]
Decline and reversal cycles not only are emerging in the cross-sectional correlations but are also discernible in time-series correlations. Figure 5 shows the average time-series correlation between intraday and following overnight returns, calculated for every stock-year and averaged across stocks.
[ Figure 5 about here]
III. Overnight Wealth Shocks and the Decline and Reversal Cycles
I measure the average intraday and overnight returns following overnight declines and surges in the market. Any difference in the returns would suggest that the reversals might be liquidity-driven (Nagel 2012) , which would become exacerbated following overnight wealth shocks.
I sort stocks into five quintile portfolios using their last calendar-year's volatilities. Because I take quote midpoints to calculate returns, the results are not prone to bid-ask bounces (Roll, 1984) . Figure 6 shows the average of intraday and overnight returns for the five quintile portfolios, following a surge or a decline in the stock market during the previous overnight period, for the 2001-2016 sample. Three important findings emerge from the figure, which I will further corroborate in the rest of the section: (1) volatile stocks tend to decline during the trading session following overnight market declines, although they do not tend to surge significantly following overnight market surges, and (2) part of the decline will be reverted over the next overnight period , because returns for all quintiles portfolios are higher after a previous overnight market decline, compared with an overnight surge.
[ Figure 6 about here]
I repeat the analysis using the older subsample of 1993-2000, as shown in Figure 7 , and for this subsample, (1) the intraday declines following overnight market declines are less pronounced, with a magnitude of about one-third of the recent subsample, and (2) no considerable reversal over the next overnight period is discernible. These observations suggest that the declines and reversals following overnight market declines have emerged throughout the years, consistent with the results of the previous section. The rest of the section provides extensive analysis on intraday declines and overnight reversals.
[ Figure 7 about here]
A. Intraday declines
Building on the descriptive Figure 6 , I estimate the regression framework specified in equation (11) to test whether intraday returns are lower after overnight declines:
where and are the quintile portfolio and market portfolio returns during the overnight periods, respectively, and and are the intraday returns for the specified portfolios. [ Table III about here] 
B. Overnight reversals
So far, I have documented intraday declines following wealth shocks, which are larger for volatile stocks. Liquidity-driven declines are expected to be followed by reversals in the periods that follow. (Nagel 2012) . To test this, I estimate the regression framework of equation (12) for each quintile portfolio, as well as the high-minus low-volatility portfolio. Consistent with the regression framework in equation (11), I use the Newey and West (1987) standard errors with four lags to account for heteroskedasticity and autocorrelation: (Barclay and Hendershott, 2004) . Therefore, in line with an extensive body of literature, I exclude trades outside trading hours.
following a previous overnight decline, suggesting an overnight reversal following overnight wealth shocks in the previous period. Second, no asymmetric reversals following previous intraday market declines are discernible for the post-2000 sample, consistent with the cyclicality of reversals in the recent sample. Third, and finally, asymmetric declines and reversals are both followed by overnight market declines, not by intraday market declines.
[ Table IV about here]
IV. Overnight Wealth Shocks and Deteriorating Market Liquidity
The intraday declines and overnight reversals following wealth shocks suggest that reversals are driven by a decline in market liquidity, which is a caused by tightened funding constraints after overnight wealth shocks. For longer horizons, Hameed, Kang and Viswanathan (2010) document that a decline in the stock market is followed by deteriorating market liquidity, consistent with theories in which binding funding constraints affect market liquidity (Brunnermeier and Pedersen 2009 ).
I employ the time-series regression framework specified in equation (13) to test whether overnight market declines are followed by deteriorating market liquidity in the next trading session.
This can be seen as not only a fruitful extension of Hameed, Kang and Viswanathan (2010) for shorter horizons, but also better identification. More specifically, because I divide time into trading, and nontrading periods, I can measure the nonsynchronous effect of a past wealth shock, as well as past trading session movements on the next period's market liquidity. This permits a better understanding of the two main triggers of the illiquidity spirals in the setting of Brunnermeier and Pedersen (2009) , that is, wealth shocks and margin changes:
where is the effective spread of the quintile portfolio during the trading session , calculated as the simple average of the effective spreads of individual stocks in the portfolio. For the high-minus low-volatility portfolio, I take the average of the high-volatility portfolio effective spreads and the ones for the low-volatility portfolio. Because liquidity is a persistent process, I
included lagged effective spreads in the regression and allowed the autoregressive coefficient to be different for the previous trading sessions with market declines. I use the Newey and West (1987) standard errors with four lags to account for heteroskedasticity and autocorrelation.
[ Table V about here] Table V That liquidity further deteriorates for the more volatile stocks, even after controlling for lagged liquidity, can be explained by the recent theoretical development around fire sales puzzles. Dow and Han (2018) argue that while total capital in financial market is not scarce, the capital of the betterinformed investors on a particular asset might be limited. Consequently, when a wealth shock hits liquidity-constrained investors and makes them sell some of their holdings, other less-informed traders in the market are willing to buy those assets only with a "lemon" discount. Building on this argument of Dow and Han (2018) , and given that for a volatile stock it is more difficult to separate information-based price fluctuations with liquidity-driven fluctuations, the price decline and liquidity deterioration due to the "lemon" discount for the volatile stocks shall be more pronounced.
The emergence of reversals over a short period of time agrees with a heavier reliance on overly short-term financing. Marked-to-market leverage is strongly procyclical (Adrian and Shin 2010) because of the adjustment of borrowing positions following market value changes. Consequently, an overnight wealth shock makes rolling over the short-term financing positions more difficult.
Therefore, constrained investors might need to liquidate their positions. [ Figure 8 about here]
V. Overnight Wealth Shocks and Intraday Order Flows
In this section, I use a regression framework in the same spirit of the previous section, to understand the order imbalances following overnight market declines. Equation (14) shows the specified regression, in which is the order imbalance of quintile portfolio during the trading session . I calculate the portfolio order imbalance as the simple average of individual stocks in the portfolio. For the high-minus low-volatility quintile portfolio, I take the difference of the highvolatility portfolio order imbalance and that for the low-volatility portfolio. I account for heteroskedasticity and autocorrelation using the Newey and West (1987) standard errors with four lags:
[ Table VI about here] Table VI shows the regression's estimated coefficients. Comparing the results for the highminus low-volatility portfolio for the two subsamples leads to an interesting finding. Consistent with Chordia, Roll, and Subrahmanyam (2001) , investors are contrarian following market declines.
Interestingly, in the older sample period, they are contrarian with respect to previous intraday decline, whereas, in the recent period, they mainly respond to overnight declines. Comparing this finding with that in Table III shows that investors provide liquidity when they predict that prices will decline because of illiquidity. Comparing Panels A and B of Table III confirms that declines mainly occur after overnight and intraday market declines, respectively, in the more recent and in the older sample periods.
VI. Systematic versus Idiosyncratic Risk
Throughout the paper, I take volatility as the key variable that determines the cross section of intraday and overnight returns. To understand the importance of systematic and idiosyncratic components of volatility in explaining the cross section of declines and reversals, I construct doublesorted portfolios, sorted by market beta and idiosyncratic volatility. I estimate market beta and idiosyncratic volatility for every stock-year using the daily four factors of Fama-French (1993) and momentum (Carhart 1997) . 5 To construct the portfolios, I first construct beta terciles by sorting the stocks by the estimated betas of the previous calendar year. Then I construct idiosyncratic volatility terciles within every beta tercile by sorting stocks according to their idiosyncratic volatility of the past calendar year.
Panel A (B) of Figure 9 shows the average intraday and overnight returns for the double-sorted portfolios following overnight market surges (declines). The figure suggests that generally, the cross section of the intraday declines and overnight reversals are better explained by idiosyncratic volatility, whereas systematic risk tends to provide counterintuitive results after overnight market surges. More specifically, the three following results shown in the picture support this line of reasoning. First, the intraday returns following overnight market declines show a stronger difference in declines between different idiosyncratic volatility terciles, within every beta tercile. Second, the overnight reversals following the specified reversals show a similar pattern, that is, larger differences in returns between the idiosyncratic volatility tercile within beta terciles. Third, and finally, the overnight returns following a previous overnight market surge seem to increase in idiosyncratic volatility but, surprisingly, decrease in beta.
[ Figure 9 about here]
In sum, the results suggest idiosyncratic volatility as the key determinant in the cross section of reversals. This is consistent with the "lemon" discount that the less-informed liquidity providers consider when they step in and take the role of better-informed but constrained liquidity providers (Dow and Han, 2018) . Stocks with higher idiosyncratic volatility will be further discounted by lessinformed investors because of information asymmetry.
5 I downloaded the factors from Kenneth French's website and gratefully acknowledge his generosity.
VII. Alternative Explanations
Here, I discuss a set of alternative explanations, and explain why they are less plausible than the one I suggested in the paper.
A. Exchange traded funds arbitrage
The share of passive investment in the exchange-traded fund (ETF) market has considerably increased during the same sample period that I use for this paper. An overpriced (underpriced) ETF provides an arbitrage opportunity for authorized participants, to create (redeem) funds while buying (selling) the fund constituents. Doing so increases a stock's volatility (Ben-David, Franzoni, and
Moussawi, 2018).
However, the intraday declines and overnight surges of average returns cannot be reconciled by assuming different buy and sell price impacts for these arbitrage trades. In this case, buy trades should have a higher price impact (Saar, 2001) , and on average, the intraday prices should have surged instead of declining.
B. High-frequency trading
Another important disruption in the financial market during the 21st century has been the emergence of high-frequency and algorithmic trading (Hendershott, Jones, and Menkveld, 2011, among others). It is not possible to reconcile reversals using high-frequency trades for at least three reasons. First, the reversals I document start emerging before algorithmic trading becomes an important part of the financial market. Second, high-frequency traders do not tend to keep positions overnight and, consequently, do not require rolling over their positions over the days. Therefore, they are not exposed to funding liquidity constraints. Third, and finally, high-frequency traders are mostly active for larger stocks, which tend to be more liquid, whereas I document stronger reversals for volatile stocks.
C. Betting against beta
In a recent working paper, Hendershott, Livdan, and Rösch (2018) sort intraday and overnight returns using market betas and show that overnight returns follow the security market line, whereas intraday returns follow an opposite trend. They suggest that the patterns for intraday returns are due to betting against beta (Frazzini and Pedersen, 2015) .
Although the focus of Hendershott, Livdan, and Rösch (2018) is essentially different from that of this paper, and they do not document declines and reversals that mainly occur following overnight market declines, one can try evaluating betting against beta as an alternative explanation for the findings of this paper.
Betting against beta cannot explain the findings of this paper for at least two reasons: First, as shown in the previous section (see Figure 9) , the cross section of intraday declines following overnight market declines are better defined with idiosyncratic volatility, compared to beta. Second, in the other days, that is, following overnight surges, intraday returns tend to increase with beta, which does not match the pattern observed by Hendershott, Livdan, and Rösch (2018) . They document average intraday returns, that are decreasing in beta.
VIII. Conclusion
This paper has documented an important link between overnight wealth shocks and following intraday and overnight returns, as well as market liquidity. Market declines in periods as short as overnight lead to deteriorating market liquidity and price drops in the following trading session and their reversal during the next overnight period. These directional and cyclical reversals, which are stronger for more volatile stocks, make both the cross section and time series of intraday and overnight returns inversely associated.
I put forward predictions for the time series and the cross section of returns that have important implications for the ongoing research on intraday and overnight returns. Furthermore, the results provide important applications for financial stability and risk management, because I show that deteriorating market liquidity is predicted by overnight market declines.
This paper also helps clarify the mixed evidence around pricing idiosyncratic risk by showing that intraday (overnight) returns are decreasing (increasing) in idiosyncratic risk, mainly after overnight market declines. Therefore, this paper shows that idiosyncratic risk leads to opposing liquidity-driven systematic price movements in intraday and overnight periods. S. common stocks into nine (three-by-three) portfolios using market beta and idiosyncratric volatility of the past calendar year. Stocks are first sorted into three tercile groups by the ascending betas, and every beta tercil is sorted into three tercile groups of ascending idiosyncratic volatility. Panel A (B) shows the average intraday and fllowing overnight returns after overnight market surges (declines). Stock-years with fewer than 100 days of observations are excluded. To avoid bid-ask bounces affecting the results, I use quote midpoints to calculate returns. This table provides the main summary statistics for the variables. The column labeled "N" refers to the number of observations in the sample. The next columns are the sample's average, the standard deviation, and the specified quantiles of the sample. The row label refers to the intraday open-to-close return of stock at day , calculated using midpoint quotes. refers to the overnight close-to-open return between the day close and day open and is calculated using quote midpoints. refers to the trade-weighted effective spread of all transactions of stock at day during trading hours, and is the tradeweighted order imbalance of stock at day . This table provides the time-series averages for the cross-sectional associations between average intraday and overnight returns, specified in Figures 2 and 3. Panels A (B) provide the time-series average of the estimated cross-sectional correlations (coefficients of the cross-sectional regressions) shown in Figure 2 (3). t-statistics are calculated using the Newey and West (1987) estimation errors allowing for four lags of autocorrelation. *p < 0.1; **p < 0.05; ***p < 0.01. This table reports the estimated coefficients for the regression framework specified in equation (11). Columns labeled "Q1 to Q5" refer to the annually rebalanced volatility quintile porfolios, sorted from the lowest to the highest volatility, and the column labeled "Q5-Q1" corresponds to the high-minus low-volatility portfolio. t-statistics account for heteroskedasticity and autocorrelation using the Newey and West (1987) standard errors with four lags. Panel A (B) shows the estimates for the 1993-2000 (2001-2016) period. *p < 0.1; **p < 0.05; ***p < 0.01. This table reports the estimated coefficients for the regression framework specified in equation (12). Columns labeled "Q1 to Q5" refer to the annually rebalanced volatility quintile porfolios, sorted from the lowest to the highest volatility, and the column labeled "Q5-Q1" corresponds to the high-minus low-volatility portfolio. t-statistics account for heteroskedasticity and autocorrelation using the Newey and West (1987) standard errors with four lags. Panel A (B) shows the estimates for the 1993-2000 (2001-2016) period. *p < 0.1; **p < 0.05; ***p < 0.01. 
